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Abstract— Dengue Fever is one of the viral diseases of the
tropics that are easily spread in high density and humid area
such as in Surabaya. Many researchers in various expertise have
studied this disease. Some of them use statistical and machine
learning approach to predict the outbreak of the disease, so that
the government can prevent that incident. In this paper we use
the geographically weighted regression for predicting the dengue
fever outbreak in Surabaya. The geographically weighted
regression has superiority in estimating the coefficient of the
explanatory variables locally. So that, we can put more attention
into the region with has high estimates coefficient parameters.
Here, we look at the locally estimates of the dengue fever infected
in the year 2016, 2017, population density and poverty
percentage for predicting the dengue fever outbreak in the year
2018. In this study, the pattern of the predicted model can follow
the pattern of the true dataset.
Keywords— Dengue fever outbreak; Global Moran I statistics;
Local Moran I statistics; Geographically Weighted Regression;
locally parameters estimate
I. INTRODUCTION
Surabaya with its 3.5 million populations (estimated) is the
second largest city in Indonesia and also the capital of East
Java Province [1]. Surabaya play important economic role in
Indonesia as a port city since it was established in 1293. Many
people from other cities and country come to Surabaya to do
business. This has caused city density reach 9900 peoples /km2
[2] (higher than Singapore 8108/km2 or Hong Kong
6677/km2). A high-density city like Surabaya has many
socioeconomic problems for its citizens, and it is closely
related to its citizen health and wellbeing.
Dengue Fever is one of the viral diseases of the tropics that
are easily spread in high density and humid area like Surabaya
[3, 4]. Dengue Fever usually spread during wet season in
tropical country around month December with its peak around
March and April. There is 2660 Dengue Fever case in East
Java Province in January 2019, and 46 victims are died [5].
There are 42 Dengue Fever victims in Surabaya in 2018 and
one victim died. This year (2019) Surabaya city government
has managed to control the Dengue Fever spread so only 23
victims reported [6].
Many researches have been done to predict the dengue
fever in several countries. Using artificial neural network, [7]
predicted the Dengue Hemorrhagic fever outbreak in Thailand,
[8] predicted the Dengue outbreak in Srilanka, [9] predicted
Dengue Fever outbreak in the Northwest Coast of Yucatan,
Mexico and San Juan, Puerto Rico. Hartanto et al. [10], applied
the geostatistics for predicting the Pneumonia patients in
Surabaya-Indonesia.  In Sleman, a district in Central Java
Indonesia [11] predicted dengue hemorrhagic fever (DHF)
using vector autoregressive spatial autocorrelation (varsa).
Mahdiana et al. [11] used 5 years dataset to predict the DHF
outbreaks. In the model, they include min, max and average
temperature, average humidity, and rainfall and irradiation
time.  Instead of using neural network approach, classical
geostatistics and varsa, in this study we use the geographically
weighted regression (GWR). The spatial autoregressiove
models [12] have assumption that the structure of the models
remains constant, i.e., there is no local variations in the
parameter estimates. The GWR [13] allows the estimated
parameters vary locally. Therefore, to explore the dengue fever
outbreak in Surabaya, we will use the GWR.
II. METHODS
In this study, we first did the data descriptive of the
Surabaya population density, the area, percentage of poverty,
the average temperature and humidity in each district. We then
defined the polygon of each district in which the community
health centers (puskesmas) are located. Two polygons P_i and
P_j are neighbors if they share a common boundary. To
We tested the spatial global autocorrelation of the deque
fever using Moran I statistics [14]. The Global Moran’s I
statistic, has the null hypothesis that states the observed
random variable is randomly distributed against it has spatial
pattern. The Global Moran’s I statistics can be formulated as:
(1)
We also tested the spatial local autocorrelation of the deque
fever using local Moran I statistics. The local Moran’s I
statistics was suggested by Anselin [15] for identifying local
clusters and local spatial outliers. The local Moran’s I statistics
can be used to classify the significant locations as high-high
and low-low spatial clusters, and high-low and low-high spatial
outliers. Many researchers have applied the local Moran’s I
statistics for their study, e.g. [16] and [17]. The Local Moran’s
I statistics can be formulated as:
(2)
where is the variable of interest.
After testing the spatial local autocorrelation, we then
modelled the dengue fever in Surabaya using the geographi-
cally weighted regression [13]. The geographically weighted
regression models [13] can be formulated as
(3)
where is the location in which the local parameters will be
estimated.
The is the parameters at the location and can be estimated
as
(4)
where is the weight for the observation and formulated
as the Gaussian function
(5)
The is the Euclidean distance between the location of
observation and location , while is the bandwidth. The
bandwidth can be selected such that the root mean square
prediction error is minimum.
III. RESULT AND DISCUSSION
The data were collected data from 63 community health
centers (pusat kesehatan masyarakat) in Surabaya. The
outbreak was worse in 2016, but it is under controlled so that
the number of the dengue fever infected is decreased
significantly (Fig. 1). The Government of Surabaya has a
program so called “Jumantik-Juru Pemantau Jentik”, they are
usually housewives who have a duty to observe the mosquito
larva in houses and environment in their area. They sampled 20
houses in each area and recorded either there is mosquito larva
or not in the sampled house. If the mosquito larva is founded in
a house then they will calculate the number of free mosquito
larva as (19/20) * 100%, that is 95% of the houses in that area
is free from mosquito larva. Jumantik will give reports about
the number of mosquito larva found and number of people
infected to dengue fever every month to health center in the
area (Fig. 2). Surabaya government focus more on preventive
action to reduce dengue fever outbreak. Therefore, health
center will promote dengue prevention through environmental
cleaning programs especially during wet season [18].
The effort of the Surabaya government to reduce the
dengue fever can be seen in Fig. 3. It shows the linear trend the
% mosquito larva free vs the number of dengue fever infected
in 2016 dan 2017. The trend in 2016 is increasing, it means that
the percentage of mosquito larva free is increasing the number
of dengue fever infected is also increasing. In the opposite, the
trend in 2017 is decreasing. The larger the percentage of
mosquito larva free, the smaller the number of dengue fever
infected. Those two trends indicate that the preventive action of
Surabaya government is successful.
However, both trends have small r-squared statistics, it
indicates that the correlation is weak. Therefore, in this paper
we will study the spatial effect of the dengue fever outbreak in
Surabaya. We collected data of number if rainy days in a year,
precipitation, maximum and minimum temperature, maximum
and minimum humidity, population density, and poverty
percentage in each Surabaya’s district [19]. The summary
statistics for the Surabaya in 2018 can be seen in Table 1.
TABLE I. SURABAYA STATISTICS IN 2018
Min Mean Max
Population (thousand) 12541 45802 87561
Area (Km2) 0.915 2.001 14.400
Density (thousand/Km2) 2733 46992 541022
Poverty percentage (%) 4.03 18.02 55.46
#Rainy day (days/month) 9.83 13.99 16.00
Precipitation (mm/month) 129.9 164.6 194.9
Max Humidity per month 70 88.72 94.75
Min Humidity per month 46.08 53.14 57.83
Max Temperature 28.21 33.30 34.43
Min Temperature 23.11 26.29 28.73
At the first step we use the global Moran’s I statistics to test
the data are under randomization (Ho) or have spatial
dependencies. The test shows that the data is significantly have
spatial dependencies (p-value = 0.0154 (Fig. 4). To see which
districts is spatially correlated strongly we then use the local
Moran’s I statistics. Fig. 5 shows that there are two districts
which have very strong spatial correlation, they are Dukuh
Kupang and Putat Jaya, and both districts have 13 and 17
dengue fever infected consecutively in 2018.
Fig. 1. The numbers of Dengue Fever Infected from 2016-2017 in each community health centers.
Fig. 2. Percentage of mosquito larva free in each Surabaya’s districts
Fig. 3. Linear trend the % mosquito larva free vs the number of dengue fever infected in 2016 dan 2017
Moran I test under randomisation
data:  data$DB2018
weights: W_cont_el_mat n reduced by no-neighbour observations
Moran I statistic standard deviate = 2.3064, p-value = 0.01054
alternative hypothesis: greater
sample estimates:
Moran I statistic       Expectation          Variance
0.27393001 -0.01923077        0.01615629
Fig. 4. Global Moran I statistics for dengue fever infected in the year 2018
The geographically weighted regression (GWR) models
permit the parameters estimate vary locally in each district in
which the community health centers locate. Table 2 presents
the summary of GWR coefficient estimates at data points. The
number of rainy days, precipitation, max and min humidity,
and temperature are not varied too much since those
community health centers are locate in the same climate.
Therefore, in we only look at the local coefficient estimates at
the dengue fever infected (DFI) 2016 and 2017, population
density and poverty percentage.
We divide the coefficients estimates at data points into five
intervals. Those intervals represent very low, low, medium,
high and very high effect for each explanatory variable in each
district (see Fig. 6). The DFI in 2016 in Keputih (K7),
Medokan Ayu (M3) and Gunung Anyar (G4) have strongest
correlation to the DFI 2018, while Benowo (B5), Sememi (S3),
Made (M1) and Jeruk (J3) have the weakest correlation to the
DFI 2018. Similarly, we can see in Fig. 6, the strongest and the
weakest correlation for the DFI 2017, population density and
poverty percentage to the DFI 2018.
Fig. 5. Local Moran I statistics for the dengue fever infected in the year
2018.
TABLE II. SUMMARY OF GWR COEFFICIENT ESTIMATES AT DATA
POINTS
Global Min Median Max
Intercept -3.688 -5.522 -4.237 -3.386
RainyDays -0.211 -0.236 -0.213 -0.180
Percipitation 0.015 0.014 0.015 0.018
MaxHumidity -0.130 -0.136 - 0.127 -0.121
MinHumidity -0.039 -0.043 -0.028 -0.015
MaxTemp 0.582 0.552 0.574 0.609
MinTemp -0.055 -0.059 -0.054 -0.046
Pop_density_Scale 2.537 2.077 2.446 2.783
%Povery 0.008 0.006 0.007 0.010
DFI2016 0.106 0.093 0.111 0.124
DFI2017 0.397 0.365 0.394 0.427
Finally, using the GWR model we plot the dengue fever
infected in 2018 vs the predicted (Fig. 7). The predicted can
follow the pattern of the true dataset, the MSE of this
prediction is 8. 59, this due to in some locations, e.g. Pegirian,
Pucang Sewu, the errors prediction is high.
IV. CONCLUSION
We modeled the dengue fever infected in Surabaya using
geographically weighted regression. The GWR not only
produce a model, but also can show the effect of each
coefficients estimates for each explanatory variable locally. For
the moment, the MSE of this prediction is still high due to in
some locations, e.g. Pegirian, Pucang Sewu, the errors
prediction is high. This problem leads us to the future research
for finding a good model to represent the dengue fever infected
prediction with small mean square error.
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A1 Asemrowo B1 Balas Klumprik B2 Balongsari B3 Bangkingan B4 Banyu Urip
B5 Benowo B6 Bulak Banteng D1 dr. Soetomo D2 Dukuh Kupang D3 Dupak
G1 Gading G2 Gayungan G3 Gundih G4 Gunung Anyar J1 Jagir
J2 Jemursari J3 Jeruk K1 Kali Rungkut K2 Kalijudan K3 Kebon Sari
K4 Kedung Doro K5 Kedurus K6 Kenjeran K7 Keputih K8 Ketabang
K9 Klampir Ngasem K10 Krembangan Selatan L1 Lidah Kulon L2 Lontar M1 Made
M2 Manukan Kulon M3 Medokan Ayu M4 Menur M5 Mojo M6 Morokrembangan
M7 Mulyorejo N1 Ngagel Rejo P1 Pacar Keling P2 Pakis P3 Pegirian
P4 Peneleh P5 Perak Timur P6 Pucang Sewu P7 Putat Jaya R1 Rangkah
S1 Sawah Pulo S2 Sawahan S3 Sememi S4 Sidosermo S5 Sidotopo
S6 Sidotopo Wetan S7 Simolawang S8 Simomulyo S9 Siwalankerto T1 Tambak Rejo
T2 Tambah Wedi T3 Tanah Kali Kedinging T4 Tanjungsari T5 Tembok Dukuh T6 Tenggilis
W1 Wiyung W2 Wonokromo W3 Wonokusumo
Fig. 6. The local coefficient estimates of Dengue Fever Infected in 2016, 2017 (DB2016, DB2017), population density dan povery percentage
Fig. 7. The data vs the predicted dengue fever infected in 2018 using GWR
